In this paper, a new satellite-derived approach for obtaining instantaneous surface solar irradiance (SSI) by combining Moderate Resolution Imaging Spectroradiometer (MODIS) and Multifunctional Transport Satellite (MTSAT) data is presented and validated using one year pyranometer measurements from five stations in northern China. The approach is based on look-up tables created via comprehensive radiative transfer modeling to achieve high accuracy and high computational efficiency. The synergy of the multispectral sensor MODIS and the high-temporal-resolution geostationary satellite MTSAT enables the adequate use of multisource remote sensing information to determine the atmosphere and surface states, and thereby complements shortcomings of their own. Here we use MTSAT data to capture the changes of cloud fields in the atmosphere and use MODIS products to obtain the dynamic aerosol loading, water vapor content, surface reflectance, and other information. Meanwhile, on the basis of instantaneous retrieval results, the calculation of hourly average SSI is also explored. The preliminary validation demonstrates that both instantaneous and hourly SSIs can be produced accurately over northern China using this approach, and the retrieval quality of hourly SSI data is slightly better than that of instantaneous SSI data. However, in mountainous areas the results need further refinement.
Introduction
[2] The Earth's surface radiation budget is an essential parameter for estimation of the surface energy budget and is used for various applications, including weather prediction, monitoring and analysis of climate, and terrestrial ecological and hydrological systems [Bisht et al., 2005; Oliphant et al., 2006] . As a particularly important component of the surface radiation budget, surface solar irradiance (SSI) is the primary source of energy for the Earth's surface; it controls the total energy exchange between the atmosphere and the landocean surface and also serves as a key driving force for evapotranspiration, plant growth, and related processes [Pinker et al., 1995; Roebeling et al., 2004; Deneke et al., 2008; Mueller et al., 2009] . Hence, SSI is of fundamental interest in many research fields and is an important variable for our understanding of the climate system and the processes and interactions taking place within it.
[3] SSI data with large geographical coverage (up to global) and high spatiotemporal resolution can be obtained from satellite data. This has been confirmed by many studies [e.g., reviews by Schmetz, 1989; Pinker et al., 1995] . Estimating the surface solar radiation using satellite remote sensing techniques is essential not only for complementing the sparse network of surface station measurements, but also for verifying climate model output and reanalysis data. Radiances at the top of the atmosphere (TOA) observed by satellite instruments are modulated by the atmosphere and land surface and thus in return reflect certain information on atmospheric and Earth's surface states. This information is crucial for the retrieval of surface radiation. As early as 1964, Fritz et al. [1964] had already found that the correlation coefficient between satellite measurements of reflected solar radiation and pyranometer measurements at the ground was as high as 0.9. Since then, numerous approaches have been proposed to estimate the SSI from satellite radiances.
[4] One type of approach mainly uses atmospheric parameters (e.g., cloud properties) retrieved by different algorithms from multifarious satellites as inputs for a given radiative transfer model (RTM) to obtain surface solar fluxes. Such approaches require two independent steps. First, atmospheric state parameters need to be inverted from narrowband satellite radiances. Together with other climatology and ancillary data, these atmospheric state parameters are then used for RTM modeling to calculate the atmospheric flux transmittance. One example of this type of approach is the operational algorithm adopted by the International Satellite Cloud Climatology Project (ISCCP) [Zhang et al., 1995 [Zhang et al., , 2004 . In this algorithm, ISCCP cloud climatology data sets as well as many ancillary data were exploited as the inputs of NASA Goddard Institute for Space Studies (GISS) general circulation model (GCM) radiation model [Hansen et al., 1983 [Hansen et al., , 2002 ] to produce global fluxes from surface to the TOA. Another example is the algorithm developed by Bishop et al. [1997] , who utilized the total cloud amount and cloud optical depth (COD) from ISCCP as important input parameters for SSI calculations.
[5] Another type of approach, which directly establishes the parameterization scheme and/or look-up table (LUT) to link the SSI and satellite radiances were also frequently reported in the literature. One of the most famous of this type is the algorithm developed by Pinker and Ewing [1985] and Pinker and Laszlo [1992] . This algorithm was adopted by the Global Energy and Water Cycle Experiment (GEWEX) Surface Radiation Budget (SRB) project to routinely produce surface shortwave radiation data. It was also the basis for the first operational version of the CM-SAF (Satellite Application Facility on Climate Monitoring) SRB [Hollmann et al., 2006] . The LUT-based eigenvector hybrid approach established by Mueller et al. [2009] , which is the CM-SAF operational scheme for satellite-based SSI retrieval, and the operational scheme for estimating downward shortwave radiation from GMS 5 visible imagery developed by Lu et al. [2010] also belong to this type.
[6] In addition to the aforementioned approaches, there is a third type of method, which is more empirical and easier to operate. One prominent and widely used approach in this class is the Heliosat algorithm as well as its derivatives [Cano et al., 1986; Hammer et al., 2003; Rigollier et al., 2004] . In these algorithms, a clear-sky model is used in advance to acquire surface solar radiation under supposedly cloud-free conditions. Then the cloud index, defined as the ratio of surface and TOA solar radiation, is determined with normalized reflectances from satellite images. Finally, the SSI values in all skies are calculated with these two terms. The Heliosat algorithm has been used in many European research projects, such as the Satel-Light project, which delivers valuable information to architects and other stakeholders, and the SoDa project, which aims to integrate databases on solar radiation and other related information [Hammer et al., 2003] . Another similar algorithm is the Staylor algorithm, which is used by the GEWEX SRB project as a quality control algorithm [Gupta et al., 2001] and is also one of the two algorithms chosen by the World Climate Research Program SRB project for generating SSI data from March 1985 to December 1998 [Whitlock et al., 1995] . An intercomparsion on different algorithms for surface solar radiation based on Moderate Resolution Imaging Spectroradiometer (MODIS) data has been given in our previous work [Huang et al., 2011] , and we think that for multispectral remote sensing data such as MODIS, simple experiential algorithms are improper and a more refined algorithm needs to be developed.
[7] However, as indicated by Deneke et al. [2008] , the experimental nature of many algorithms, the small number of overpasses of polar-orbiting satellite systems, the instability and disorder of previous atmospheric products based on various specific sensors or other means, and the coarse spatial and spectral resolutions of geostationary satellites have limited the satellite retrieval of SSI. Fortunately, this situation may change greatly if we combine advanced polarorbiting satellite sensors data, especially MODIS products, with the next generation of geostationary meteorological satellite data. MODIS has 36 spectral bands covering the visible and infrared regions. After in-orbit operation, many inversion algorithms for atmospheric and land parameters had been refined by MODIS science team and diverse normative products had been produced routinely. These may provide a data source superior to widely used climatology data sets (e.g., for aerosol and water vapor). Moreover, geostationary satellites with higher temporal resolutions can satisfy the need for information on clouds, which strongly influence SSI estimation. Therefore, in this paper we try to develop a new retrieval algorithm based on a complicated RTM for SSI calculation, in which the increased information on the atmospheric state from new satellite systems can be adequately exploited. This is a crucial distinction between our algorithm and that developed by Lu et al. [2010] , who use only GMS-5 geostationary satellite data.
[8] The primary objective of the new retrieval algorithm is to obtain high-quality surface solar radiation over northern China, and we strive to reach two distinct virtues. One is to exploit up-to-date remote sensing information and eliminate the need for ground information as much as possible; the other is to ensure both high accuracy and high computational efficiency. To preserve the algorithm's accuracy in theory, we do not import any parameterizations to reduce the RTM modeling magnitude, as was done by Mueller et al. [2009] . Furthermore, this complicated RTM-based approach allows us to acquire surface spectral solar irradiance, sequentially easily to calculate photosynthetically active radiation (PAR), ultraviolet (UV) or actinic fluxes, and even the vertical atmosphere shortwave radiation flux profiles from the surface to the TOA.
[9] The paper is organized as follows. Section 2 concisely describes the satellite and surface observational data we used. Section 3 covers the processes of this new algorithm in detail. Section 4 presents the validation result, our error analysis, and a detailed discussion. Finally, in section 5 we summarize our SSI retrieval approach.
Data
[10] Two types of satellite data were used in this study: polar-orbiting satellite products from multispectral MODIS, and geostationary meteorological satellite data from the Multifunctional Transport Satellite MTSAT1R. The former were selected to obtain certain atmospheric parameters that cannot be determined through the sparse geostationary satellite sensor bands. The latter were used to obtain cloudfluctuating information that cannot be captured only from the low-frequency polar-orbiting satellite observations. In addition, some ancillary data were imported in order to improve the algorithm's performance, and surface pyranometer measurements were used to evaluate the algorithm's accuracy.
MODIS Data Products
[11] At present, there are 44 available standard MODIS data products that are being used by scientists from a variety of disciplines, including oceanography, biology, and atmospheric science. In this paper, MOD08_D3, MOD10C1, and MCD43C2 obtained from EOS Data Gateway were used. A brief description of these data products is given below.
[12] MOD08_D3 is the level-3 atmosphere daily global product that contains roughly 600 statistical data sets collected from the Terra platform. These data sets are derived from approximately 80 scientific parameters from level-2 MODIS atmosphere products (aerosol, water vapor, cloud, and atmosphere profiles) and are stored on an equal-angle latitude-longitude grid in hierarchical data format. MOD10C1 is the MODIS/Terra Snow Cover Daily L3 Global 0.05°Climate Modeling Grid (CMG) data set created by assembling MOD10A1 daily tiles and binning the 500 m cell observations to 0.05°spatial resolution of the CMG cell. It contains snow cover, quality assessment data, and corresponding metadata. We use it to obtain the information on cloud and snow percentages of CMG cells. MCD43C2 is an L3 0.05°CMG MODIS bidirectional reflectance distribution function (BRDF) albedo model parameters product produced by averaging snow-free quality 500 m BRDF parameters. It contains the weighting parameters of the BRDF models, which are elements of the derived surface albedo and directional reflectance [Schaaf et al., 2002] , such as the albedo (MCD43C3) and NBAR (MCD43C4) products.
MTSAT Satellite Data
[13] The Japan MTSAT series succeeded the Geostationary Meteorological Satellite (GMS) series as the next generation of satellites covering East Asia and the western Pacific. It currently fulfills two functions: a meteorological function and an aeronautical function. MTSAT1R, the first satellite of the MTSAT series, sits in geostationary orbit at 140°E. It has one visible and three infrared channels and can observe the Northern Hemisphere of the Earth every 30 min. The original nadir spatial resolution of visible channel is 1 km, but the data we used are the preprocessed products with 5 km spatial resolution.
Ancillary Data and Pyranometer Surface Measurements
[14] Different aerosol types always have distinctive optical properties (herein they are characterized by the single scattering albedo and asymmetry parameter) and strongly affect the surface incident direct and diffuse solar light proportion and magnitude [Pilinis et al., 1995; Mueller et al., 2009] . Unfortunately, these aerosol optical properties are not easy to determine only by satellite remote sensing techniques. Therefore, here the Global Aerosol Data Set (GADS) was employed.
[15] GADS is a revised version of the aerosol climatology data compiled by d 'Almeida et al. [1991] , which was also used in MODIS Collection 4 aerosol standard products [Kaufman et al., 1997] . This data set is used mainly in climate modeling. For the entire globe, on a grid of 5°longi-tude-latitude, with seven differentiating height profiles for both summer and winter, the aerosol content at each grid point consists of 10 predefined aerosol components. Because our region of principal interest is northern China, the aerosol optical properties within the region of 100°E-120°E and 35°N-45°N for summer are averaged and treated as the representative aerosol optical properties (shown in Figure 1 ) in the present study. Moreover, the aerosol optical depth (AOD) from GADS will be treated as the default AOD to replace invalid MODIS retrieval values.
[16] The pyranometer data for validation come from five meteorological stations where the SSI is measured alongside other meteorological parameters. These stations are the Guantao and Daxing experimental stations in north China and the Yingke oasis station, Huazhaizi desert station, and A'rou freeze-thaw observation station in northwest China (Table 1 ). The latter three stations were built by Watershed Allied Telemetry Experimental Research (WATER) [Li et al., 2009] . The specific SSI observation instruments are the CMP3 pyranometers provided by Kipp & Zonen. A CMP3 pyranometer consists of a housing, dome, cable, and thermopile sensor, which is coated with a black absorbent coating. The coating absorbs radiation and converts it to heat, and then a copper-constantan thermopile converts the resulting temperature difference to a voltage. Overall, the typical error is not expected to exceed 5%.
SSI Approach Description
[17] A flowchart illustrating the instantaneous SSI retrieval is presented in Figure 2 . The algorithm can be divided into two different stages. First, we establish the Figure 1 . Single scattering albedo and asymmetry parameter derived from GADS summer data sets and considered as the representative case of northern China. LUTs by comprehensive RTM modeling for various discrete atmospheric states. Second, MODIS products and MTSAT1R data are integrated to determine the atmospheric states, and subsequently the SSI is estimated. To accurately determine atmospheric states, the surface states must be estimated in advance. Therefore, sections 3.1 and 3.2 describe the creation of LUTs for clear and cloudy skies; section 3.3 provides an approach to estimating surface reflectance and albedo; and section 3.4 describes specific instantaneous SSI retrieval processes. In addition, the calculation of hourly SSI is explored in section 3.5.
[18] Horizontal surface incident solar irradiance depends mainly on the atmospheric state, but also to a lesser extent on the surface properties. To calculate the surface incident solar irradiance denoted by the symbol F s , we must know the atmospheric flux transmittance T, spherical albedo of the atmosphere , TOA irradiance F 0 , and surface albedo r s . They are linked by [Liang, 2004] ,
where m 0 is the cosine of the solar zenith angle (SZA) and L denotes a certain spectral range. Strictly speaking, this equation applies only to monochromatic radiation. However, the resulting errors are small even if it is used over the entire solar spectrum. Different spectral ranges are used in the literature to define the SSI. In this study, it is specified in the range of 0.3-3 mm. To obtain the parameters in equation (1), the RTM must be run. Note that F 0 changes slightly with the Sun-Earth distance.
[19] Before running the RTM to create LUTs, it is critical to analyze the interaction between the atmospheric state, surface albedo, and SSI in order to minimize the RTM runs and optimize the distribution of grid points in the LUT. That is, a sensitivity study on the effects of the parameters on SSI must be done in advance. Fortunately, this has been performed and documented by other authors [Li et al., 1993; Mueller et al., 2009; Lu et al., 2010] and also in our previous work.
Creating the LUT for Clear Skies
[20] For a Lambertian surface, the TOA apparent reflectance r TOA can be calculated with the classical formula
in which r a is caused by the path radiance without surface contribution, m is the cosine of the viewing zenith angle (VZA), ' is the relative azimuth angle (RAA), and T(−m 0 )T(m) can be thought of as a two-way transmittance.
[21] In developing the LUT approach for clear skies, we focus on two atmospheric state parameters, aerosol optical depth and water vapor content. As a note of caution, hereafter discussions of the aerosols involved are based on the optical properties shown in Figure 1 . Figure 3 (left) demonstrates the sensitivity of the MTSAT1R TOA visible band apparent reflectance (TOA-VIS-AR) to the AOD. It is found that the trend of the fluctuation of MTSAT1R TOA-VIS-AR with the AOD is complicated and relevant to surface reflectance. Hence, it is difficult to determine the land AOD using only the MTSAT1R visible band. On the other hand, MTSAT1R TOA-VIS-AR is largely insensitive to alterations in the atmospheric water vapor content (WVC). These facts are the most important causes why we introduce MODIS atmospheric products into the algorithm.
[22] Although for clear skies MTSAT1R TOA-VIS-AR values are not used directly for SSI retrieval, they are necessary for cloud detection by a threshold algorithm. Thus, the corresponding variables for the calculation of the modeled clear MTSAT1R TOA-VIS-AR are also preserved in the LUT. This means that all variables in equations (1) and (2) are tabulated off-line as functions of the AOD and WVC. To obtain those variables, the radiative transfer package MODTRAN [Berk et al., 2000] is used in this study. For each grid point in the LUT, to minimize numerical noise, three surface reflectances (0.0, 0.5, and 0.8) are specified for the wave number interval ranging from 33,333 to 3333 in increments of 10 wave numbers. The MODTRAN-modeled TOA radiance at each increment for the three surface reflectances are integrated with MTSAT's spectral response function (SRF) to obtain three average TOA apparent reflectance values, and these apparent reflectances are used to solve for the quantities
and (L) for the entire SSI spectral segment as well as the above three variables are saved in the LUT (see Table 2 ).
[23] In the present study, MODTRAN built-in aerosol optical properties have been replaced with the aforementioned representative aerosols from GADS and the following values are used in the RTM simulations: SZA (0°, 10°, 20°, 30°, 40°, 45°, 50°, 55°, 60°, 65°, 70°, 75°, and 80°), VZA (0°, 15°, 30°, 40°, 50°, 55°, 60°, and 65°), RAA (0°, 30°, 60°, 90°, 120°, 150°, and 180°), AOD (0.09, 0.12, 0.16, 0.25, 0.37, 0.67, 1.17, 1.81, and 2.60) at 0.55 mm, and WVC (0.1, 0.5, 1.0, 1.5, 2.0, 2.5, and 5 cm). The impacts of other absorptive gases and ozone on SSI are considered marginal, and the default values in MODTRAN are used. Namely, they are not treated as variables in the LUT.
Creating the LUT for Cloudy Skies
[24] In the presence of clouds, an ideal one-dimensional (1-D) cloud field with varying CODs and an effective droplet radius of 10 mm [Bishop and Rossow, 1991; Hu and Stamnes, 1993; Lohmann et al., 2006] are assumed to establish the cloudy-sky LUT. Ten mm is a typical average droplet radius of nonprecipitating water clouds. Siegel et al. [1999] and Mueller et al. [2009] both indicated that setting the effective radius to a value of 10 mm does not change the SSI results noticeably. Figure 3 (right) shows that a considerable portion of incident radiation can be reflected back into space with increasing COD, and for a surface reflectance of less than 0.5, the TOA reflectances are obviously greater than those under cloud-free conditions. This is the basis of the threshold algorithm that determines whether a given pixel is covered by clouds.
[25] Here another RTM called LibRadtran is used since it is more sophisticated than MODTRAN in terms of modeling the cloud field. LibRadtran is a library of radiative transfer routines and programs (B. Mayer et al., Library for radiative transfer calculations, edition 1.0 for libRadtran version 1.5-beta, 2010). It contains precomputed scattering parameters for a set of effective radii in a certain range using a Mie scattering code for spherical drop radii. The radiative transfer equation solver is DISORT. Similar quantities are saved in the LUT as for clear-sky conditions (see Table 2 ) in the same geometric positions with varying CODs (1, 3, 5, 7, 10, 15, 20, 30, 40, 50, and 70) . Since the influence of clouds on SSI is at a different level of magnitude compared with that of other atmospheric parameters, in cloudy skies the AOD and WVC are fixed at certain values.
Determination of Surface MTSAT1R VIS Band Reflectance and Albedo
[26] The underlying surface band reflectance and albedo may significantly affect the determination of COD over land and subsequent SSI retrieval, especially for low COD values. In the MODIS standard cloud product algorithm, the land cover type and ecosystem are used as predictors of spectral albedo [Platnick et al., 2003] . However, here MCD43 BRDF-albedo products are directly used to obtain the surface reflectance and albedo in the MTSAT VIS band. Since there are discrepancies in the sensor SRF between MODIS and MTSAT, a conversion algorithm of surface band reflectance and albedo needs to be developed beforehand.
[27] The spectral response range of the MTSAT1R VIS band is 0.55∼0.9 mm. This interval contains two intact MODIS bands that are symmetrically located at the two terminals, at which many surface reflectance curves exhibit different characteristics (Figure 4 ). This indicates that the MTSAT1R surface reflectance and albedo may be estimated accurately from the surface BRDF-albedo of the two MODIS bands.
[28] The conversion approach proposed by Liang [2000] is adopted. In this study, a total of 119 surface reflectance spectra, including soil (32), vegetation (30), man-made (19), rock (20), snow and frost (6), and water (3), mainly from the Atmosphere-Surface Turbulent Exchange Research Facility (ASTER) spectral library [Baldridge et al., 2009] , and 9 reflectance spectra extracted from the hyperspectral Hyperion imagery collected by Watershed Allied Telemetry Experimental Research (WATER) [Li et al., 2009] are employed to represent the surface characteristics. A series of aerosol loadings (9), water vapor content (6) as well as SZAs (13) are inputted into the RTM to obtain surface spectral fluxes. Then sensor SRFs are integrated with the above surface fluxes and reflectance spectra to generate band reflectance/albedos. Regression analysis is conducted to generate the conversion formula.
[29] The simulated and fitted surface MTSAT1R VIS band reflectance and albedo values are presented in Figure 5 ; a summary of the fitted residuals is also included. The residual standard error (RSE), multiple R 2 values, and an analysis of the residual all reveal that this conversion is quite effective and the surface MTSAT1R VIS band reflectance and albedo can be accurately determined from two MODIS band reflectances and albedos. The resultant linear equation is
where a MTSATVIS , a MODISB1 , and a MODISB2 are the band reflectance and albedo of MTSAT1R VIS, MODIS band 1, and MODIS band 2, respectively.
[30] The surface reflectance and albedo change with the solar elevation angle throughout the day. To obtain the dynamic surface reflectance and albedo, MCD43C2 products are utilized to reconstruct the surface reflectance, black-sky albedo, and white-sky albedo at any desired SZA and VZA. The kernel-driven linear BRDF model adopted by MODIS standard products is also used here. The following formula presents the most rudimentary portion of the operational MODIS BRDF algorithm [Schaaf et al., 2002] : Figure 4 . SRF of MTSAT1R VIS band, MODIS bands 1, 2, and six familiar surface reflectance spectra (1, medium granular snow; 2, dry grass; 3, grass; 4, construction; 5, brown loam; 6, quartzite). The broad, bold curve is the SRF of the MTSAT1R VIS; the two narrow curves are the SRFs of MODIS band 1 and band 2. where R is the bidirectional reflectance, K vol is the Ross thick kernel, K geo is the Li sparse kernel, and parameters f i are the kernel coefficients. We extract each set of three coefficient parameters as well as the quality flags for the MODIS 1, 2, and shortwave (0.3∼5.0 mm) bands from MCD43C2. All cells marked as poor quality are excluded. The corresponding good parameters for MODIS bands 1 and 2 are used to calculate the surface band reflectance and white-sky albedo at one specific sun-object-viewer geometry (the specific calculation procedure can be found in other papers and thus is not repeated here). The band conversion approach described above is then used to generate the MTSAT1R VIS band reflectance and white-sky albedo under the same conditions. The three coefficient parameters for the shortwave bands are used to calculate the surface albedo r s in equation (1).
Instantaneous SSI Retrieval
[31] As soon as the LUT is established, the SSI as well as direct or diffuse solar irradiance can be expediently calculated by searching the LUT. Since direct or diffuse radiation may yield different light-use efficiencies, a number of global primary production models and global carbon cycle studies have treated them separately [Gu et al., 2002] . Hence, direct and diffuse radiation will be calculated and output separately in our algorithm. In the following discussion, we take SSI retrieval as an example to explain the processes in detail.
[32] First, the MTSAT1R VIS band reflectance and whitesky albedo are computed using the approach described in section 3.3. The MTSAT1R VIS band white-sky albedo is especially critical for the determination of the COD because even a moderate COD may make the direct beam very weak. A case of surface reflectance retrieval over the Heihe river basin in northwest China is shown in Figure 6 . From Figure 6 we can find that most of the surface reflectances are within 0.2-0.3. This further confirms that the MTSAT1R VIS band cannot be used to determine the atmospheric aerosol loadings because the TOA reflectances are not sensitive to the AOD in this interval (Figure 3) .
[33] Second, for a given set of surface condition, the TOA reflectances at certain atmospheric states can be predicted using equation (2). The aerosol loadings are derived from the data sets "Corrected_Optical_Depth_Land" in the intraday MOD08D3 products. Subsequently, modeled TOA reflectances for clear skies at any specific geometry position can be obtained with the above calculated surface reflectances and albedos. Then the factual TOA reflectances observed by MTSAT1R are compared with the modeled ones to determine whether clouds exist. Because of the noises and calibration discrepancies of the sensors, in our present algorithm, four levels of confidence are given, namely "clear," "possibly clear," "possibly cloudy," and "cloudy." For the two intermediate situations, a simple spatial consistency check is conducted to refine the determination. Compared with operational cloud detection algorithms [Rossow and Garder, 1993; Amato et al., 2008; Ricciardelli et al., 2008] , this scheme is simple and effective.
[34] Finally, for cells identified as clear, the LUTs are searched immediately to acquire the direct and diffuse flux transmittance according to the AOD and WVC from the MOD08D3 products. For cloudy cells, the LUTs are used first to calculate the modeled TOA reflectances with varying COD. Then the TOA reflectances observed by MTSAT1R are compared with the modeled ones to interpolate the cloud optical thickness. Finally, two flux transmittances are determined. Here a multidimensional linear interpolation technique is adopted in the operational algorithm. Figure 6 . Histograms of surface MTSAT1R VIS band reflectances over one of our primary regions of interest, the Heihe river basin, China, at different local times (1 July 2009): (top) 7:00, (middle) 12:00, and (bottom) 17:00.
[35] After all atmospheric variables and surface reflectance and albedo values are obtained; equation (1) is utilized to calculate the incident SSI. The direct and diffuse solar irradiances can also be calculated in the same way. Note that, as in most RTMs [Liang, 2004] , the irradiance resulting from the interactions between the surface and atmosphere is considered diffuse light.
[36] However, for cells covered by snow, the aforementioned algorithm will fail. Therefore, an alternative algorithm is employed in this situation. MOD10C1 snow cover products are preprocessed to obtain spatiotemporally continuous surface daily snow cover maps. A series of processes similar to those described by Dozier et al. [2008] were adopted. Then, for cells flagged as "snow," the cloud properties are extracted from a supplementary cloud data set of the MODIS cloud products, which is retrieved by the combination of the MODIS bands 6 (1.6 mm) and 7 (2.1 mm) where the snow reflectance is low. Finally, the SSI over the snowy surface is calculated separately.
Hourly Average SSI Estimation
[37] The instantaneous SSI can be very useful for evapotranspiration estimation and many ecosystem models. For more applications, however, the average SSI over a specific time interval is of interest. In particular, the hourly average SSI is widely used. To compute the hourly average SSI, the average atmospheric flux transmittance (AFT) must first be calculated. This quantity is defined as
and can be approximately estimated by
where n is the number of satellite observations per unit time, and m i is the solar zenith angle at one specific time of satellite observation. Thus, the hourly average AFT is the weighted average of the instantaneous AFT and m 0 is the weighting factor [Deneke et al., 2008] . Cumulative sums of the TOA fluxes can be obtained by an analytic equation,
where d is the solar declination, h is the solar time lag, and the other two parameters are the latitude and longitude (in radians). The mean TOA flux in 1 h can be calculated. As for the other atmospheric variables in equation (1) 
Results
[38] The determination of cloud properties becomes unreliable at large SZAs; hence, we do not produce any SSI data for satellite measurements for which SZAs are larger than 80°. In this section, the algorithm discussed above is evaluated using data from five stations in northern China. Next, error analysis is conducted, and the aspects that induce larger inaccuracy and require further investigation are also presented.
Algorithm Evaluation with Pyranometer Measurements
[39] This section compares the retrieval instantaneous and hourly SSI values with the ground pyranometer measurements. For each station, the mean SSI values from the southerly neighboring 2 × 3 satellite pixel windows were extracted and considered as the satellite-retrieved site SSI values. Station measurements recorded every 10 or 30 min were interpolated or averaged to obtain the corresponding site SSI values (instantaneously and hourly). The two SSI values for each site were compared here to evaluate the algorithm's accuracy, though a more valuable scheme on the validation of SSI had been implicated by Deneke et al. [40] Because of the notable differences between ground and satellite observations, both spatial and temporal mismatches could occur, and it may be difficult to characterize the correlation between them using traditional statistical analysis. Therefore, as analyzed by Liang et al. [2006] , a robust regression analysis technique, called the least trimmed squares regression, is adopted. In our study, the largest squared residuals are trimmed by 5%; that is, the regression method minimizes the sum of the smallest 95% squared residuals. Some common error evaluation indices and robust regression analysis results are listed in Tables 3a  and 3b . The rough error distributions are shown in Figure 7 .
[41] Both instantaneous and hourly SSI results are given separately for a summer half year and a winter half year because of their distinct retrieval quality (see Tables 3a  and 3b ). The evaluation reveals that this approach can accurately predict the surface incident solar radiation even under cloudy conditions. The mean correlation coefficient is as high as 0.958, and the root-mean-square error (RMSE) is generally less than 100 W/m 2 . This indicates a very high correlation and good agreement between the retrieved and measured values. Moreover, the retrieval performance is appreciably better at the two stations in north China than at the three in northwest China for cloudy skies, but the inverse is true for clear skies. Among the five meteorological stations, the retrieval quality at the A'rou freeze station is significantly poorer than that at the others because it has more days of snow coverage. The statistics in Tables 3a and 3b also show that retrieval in the summer half year outper-forms that in the winter half year. Possible explanations for this situation will be presented and explored in sections 4.2 and 4.3.
[42] Relative error percentiles can depict a detailed deviation curve between retrieved and measured values. Here the retrieval error percentiles of both the instantaneous and hourly values as functions of m 0 are represented in Figure 7 . Owing to the effects of snow coverage and other causes (see section 4.3), the results of the A'rou freeze station require further improvement and are not shown in Figure 7 . In addition to the above conclusions, Figure 7 also shows that half of the retrieval errors are below 7%, and 75% of them are below 16% at the four stations. The m 0 dependence of the retrieval errors is inconspicuous, and only at larger errors (95th percentile) a slight decrease of retrieval error with increasing m 0 is visible. In addition, two noteworthy features are visible: First, the accuracy of the winter half year at the Daxing station is obviously worse than that of the others. Second, the accuracy of the summer half year is generally higher than that of the winter half year, but at the Yingke oasis station the opposite trend is apparent. Next, we investigate this abnormality.
[43] Further investigation on the results at Yingke oasis station shows that the retrieved SSI values are much higher Apparently, such large errors should not occur normally. To identify the causes of this problem, a comparative investigation is conducted. The surface measurements from this period are compared with those during the same period at the Huazhaizi desert station, which is only a few dozen kilometers away from the Yingke oasis station, and those from the corresponding period in 2008. Figure 8 shows the comparative results of partial data (1 April through 2 May). The April 2009 measurements from the Yingke oasis station are much lower than the other measurements and the retrieved data, whereas in May they agree well. Therefore, we strongly suspect that the measurements made during this period at the Yingke oasis station are incorrect. It is very likely that the outside glass dome of the pyranometer was contaminated, resulting in the lower observed values.
Error Analysis
[44] Unlike the ground-based fixed-point measurements, what the satellite observations provide are the integrated effects of a certain spatial coverage. Observational differences caused by the mismatch in sampling scale seem unavoidable and are amplified by the presence of broken clouds. This situation will make the pyranometer data and satellite-derived estimates incompatible, especially at larger SZAs and VZAs. We found that in the Heihe river basin, this is obvious because all the VZAs of MTSAT1R are greater than 60°herein. When the SZA and VZA are both large and in approximately opposite directions, e.g., in the afternoon in the Heihe river basin in summer (Figure 9) , the effects will be doubled.
[45] Grouping all the retrieved and measured SSIs by month we found that in clear skies some degree of overestimation appears in the winter half year, especially in December and January. The positive bias of 20-60 W/m 2 in January at different stations under cloud-free conditions indicates that the summer aerosol type used by this algorithm may be not appropriate for winter. According to the aerosol composition provided by GADS, the winter aerosols in northern China contain a large proportion of sootlike aerosol components compared with the summer aerosols. In consequence, the forward scattering radiation of the winter aerosol type is not as strong as that of the summer aerosol type. Figure 10 describes the different effects of the two aerosol types on surface solar direct and diffuse irradiance (refer to section 2.3 and Figure 1 on the summer aerosol type). For an SZA of 60°at moderate aerosol loadings, the deviations of surface diffuse irradiance from these two aerosol types has been up to 30 W/m 2 and will become greater with the increasing AOD. This could be the main reason that the errors are so large at the Daxing station in the winter half year (see Figures 7b and 7f) . Therefore, dynamic adjustment of the aerosol type is likely to further reduce the algorithm error during clear-sky conditions. This improvement is expected to be done in our planned studies. In addition, many overestimated SSI values appear in July and August at the Guantao and Daxing stations. One possible explanation is that in this period the water vapor in the atmospheric surface layer was supersaturated (even fog appears), but this situation is not considered in our algorithm.
[46] Another error source comes from the snow covered surfaces, as clearly noted by Deneke et al. [2008] . First, short episodes of snow falling and melting are not always correctly monitored by the MODIS snow cover products. Once the pixels of these high TOA reflectances are mistakenly identified as clouds, underestimation is inevitable. Second, the supposition of water clouds is improper in the presence of snow and can aggravate the underestimation of SSI again. These are the primary reasons for the negative bias of the three stations in the Heihe river basin in the winter half year. The supplementary algorithm for snow covered surfaces needs further improvement. The degraded accuracy is so significantly evident that new strategies may be considered in future studies Pinker et al., 2007] [47] Last but not least, the quality of the MODIS products is questionable, especially in mountainous areas. Owing to the dependency of the algorithm's accuracy on the input data, this problem at least contributes to the poorer retrieval qualities at the A'rou freeze station. Strong orographic effects complicate the satellite inversion process because the satellite TOA reflectances are modulated twice by them. In particular, in the presence of thin clouds whose optical depth is less than 5, even small surface reflectance errors can yield the contradictory conclusions regarding whether pixels are covered by clouds. Consequently, erroneous atmospheric properties may be determined and large SSI retrieval errors are caused. Moreover, the differences in the sensor calibration of MODIS and MTSAT1R also affect the determination of atmospheric states, and the corresponding errors will be propagated into the SSI retrieval process.
Discussion
[48] At present, the hypothesis of a plane-parallel atmosphere is universal in surface solar radiation estimations regardless of which type of method, parameterization or 1-D radiative transfer simulation, is adopted. For absolutely clear weather conditions, this does not substantially affect SSI estimation. However, in the presence of clouds, this hypothesis may be totally wrong because many studies have revealed that the anisotropy of clouds is very strong [Wyser et al., 2002 [Wyser et al., , 2005 Nauss et al., 2005] . Because the spatial structures of clouds are difficult to detect by remote sensing, the application of 3-D radiative transfer models is very sporadic in current solar radiation estimations. Therefore, 1-D RTM-based algorithms for SSI are known to contain biases due to 3-D radiative effects, whereas such effects can be implicitly accounted for in some empirical algorithms. Moreover, since the TOA reflectances are determined by two-way transfer processes of lights, satellite-derived SSI retrieval is subject to the impacts of variability in cloud fields and sun-object-viewer geometry. This may be a shortcoming of the current, truly theoretical approaches relative to empirical approaches.
[49] Fortunately, the errors caused by these effects would apparently be reduced if the time scales of the surface radiation calculation were expanded, e.g., for daily, monthly, or yearly averages SSIs. The order of accuracy of these qualities is generally comparable to that of first-class pyranometers, which has been reported by other researchers [Deneke et al., 2008; Mueller et al., 2009] .
[50] In fact, our approach includes a common LUT approach for cloud optical depth, and, strictly speaking, it is intended mainly for plane-parallel liquid water clouds. Therefore, there are some cases for which the assumptions underlying the retrieval are not met. This problem is obvious at the A'rou freeze station, where semitransparent clouds are often observed. The large reflectance of this type of cloud, which is not accounted for in the retrieval algorithm, is attributed to liquid water clouds. This causes an overestimation of a cloud's optical thickness and an underestimation of solar irradiance. This could be another reason for the large negative bias at the A'rou freeze station. Thus, a specific improvement related to this aspect seems very necessary.
[51] However, the sparse number of sensor channels in current geostationary meteorological satellites hinders the development of more refined and quantitative SSI retrieval algorithms. Although the Spinning Enhanced Visible and Infrared Imager (SEVIRI) sensors aboard European meteorological satellites have up to 12 channels, the Visible and Infrared Spin Scan Radiometer (VISSR) sensor covering the China region, either from the MTSAT series or the FY series of the China Meteorological Administration, still has only 4 or 5 channels, and only one is in the solar spectral region. This increases the difficulty of determining atmospheric states. In particular, the absence of the aerosol-sensitive blue band makes the estimation of land aerosols very challenging ( Figure 3) ; on the other hand, without the 1.6 mm infrared band, cloud detection and inferences of a cloud thermodynamic phase become difficult. Perhaps a more sophisticated algorithm could be developed if more advanced sensor instruments are launched in the future.
Conclusions
[52] The paper describes and evaluates a new approach to estimating surface solar irradiance (SSI) by combining MODIS and MTSAT1R data. This new approach is based completely on 1-D radiative transfer modeling without any empirical parameterizations, although this induces a huge number of RTM runs. Its features are that the virtues of polar-orbiting and geostationary meteorological satellites are adequately combined, and the newest satellite remote sensing products are imported in the calculation of surface solar radiation. The use of an efficient look-up table scheme enables us to theoretically keep the accuracy as high as possible.
[53] Meanwhile, the hourly SSI is also calculated using the obtained instantaneous values of atmosphere flux transmittance, atmospheric spherical albedo, and surface albedo in 1 h. The performed validation demonstrates that the retrievals of both instantaneous and hourly SSIs are reasonably accurate and this approach is promising. The order of accuracy of this method is comparable to that of those reported by Deneke et al. [2008] and Mueller et al. [2009] . Although some shortcomings are still required to be addressed, we are confident that the reliable and quality surface solar radiation data can be produced in most regions of northern China by this approach. Moreover, the paper discusses error sources in detail and mentions the future strategies for error rectification.
[54] Considering the high temporal and spatial resolutions of MTSAT1R data, the outputs of this approach can serve as an excellent source of information on surface solar radiation in addition to the traditional network of surface measurements. However, as we discussed above, the accuracy will be reduced dramatically if the approach is used in mountainous areas or over snow covered surfaces. This situation will be difficult to change before the appearances of more advanced sensors on geostationary meteorological satellite platforms.
